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Abstract

Since 1998 Italy has adopted a method to audit small businesses (Studi di
Settore), which de�nes the probability of tax audits based on presumptive
and reported levels of output. In 2007 a letter campain was implemented
by the Italian Tax Agency aimed at reducing manipulation of input reports
for tax purpouses threatening that if the �anomaly�was not removed with
the 2008 tax declaration, the probability of a thorough tax audit would have
drastically increased.
In this paper we analyse a large data set produced by the Tax Agency

for this project and made of about 50,000 treated �rms and 150,000 con-
trols using Coarsened Exact Matching (CEM) methods to control ex-ante
for imbalance.
We �nd that the letter campain had a positive and statistically signi�cant

e¤ect looking on the average treatment e¤ect on the treated.

PRELIMINARYVERSION, PLEASEDONOTQUOTEWITH-
OUT PERMISSION

Keywords: Business Taxation, Tax Compliance, Coarsened Exact Match-
ing, Studi di Settore.
JEL: H26, H25, C13



1 Introduction

Since 1998 Italy has adopted a method to audit small businesses (�rms and
professionals) known as Studi di settore (Sds). By using this method the
probability of audit is increasing in presumptive and decreasing in reported
level of output. Presumptive output is obtained in two steps. First, the Tax
Agency (TA) estimates the weighted average productivity of a set of selected
inputs within the economic branch of operation of the business, yielding a
vector of estimated productivity parameters. Second, the value of inputs is
reported by the �rm and presumptive output is obtained by multiplication
of the vector of productivity parameters by the vector of inputs. Since the
vector of productivity parameters is known to the taxpayer at the time he is
asked to report inputs, the method is prone to manipulation by taxpayers who
can lower presumptive output, and thus audit probability, by underreporting
the value of selected inputs.
Relating this method to those known in the literature, we can treat Sds

as signals informing the TA about the true level of output but, di¤erently
from what is commonly assumed (Macho-Stadler and Pérez-Castrillo 2002),
the realization of this signal depends on, and is known to, taxpayers, who
can manipulate it ex-ante.
Up until 2005, the method was implemented by the Italian TA without

paying any attention to this manipulation bias. As a result, the probability
of an Sds-based audit decreased rapidly, and this was interpreted, rather than
as a sign of increased compliance, as the direct consequence of the intense
activity of underreporting of input values undertaken by a large number of
taxpayers.
Since 2005, the TA has reacted to the likely manipulation activity of �rms

by planning a number of administrative actions. Among these, we consider
the initiative known as Comunicazioni anomalie studi di settore (Commu-
nications on anomalies concerning Studi di settore) which was implemented
in tax year 2007. It consisted in sending a letter to taxpayers who allegedly
manipulated their report, according to information available at the TA, in-
forming taxpayers that some input data they reported for tax year 2007 were
seen as �anomalous�and that, if not emended for tax year 2008, it would
cause the inclusion of the taxpayer in a list of taxpayers to be audited.
We examine here the taxpayers�response to this letter using a large data

base of �rms�tax reports produced by the TA for this project. We observe
data of one third of all treated �rms in 2007 (the letter campaign year),
and in 2006 and 2008. We also observe a sample of over 150,000 control
�rms that allows us to apply statistical matching conditioning on observable
caracteristics before the campaign was implemented.
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Data are analised using the recently developed Coarsened Exact Match-
ing (Iacus, King, and Porro 2011b), which allows us to control the level
of imbalance ex-ante, reducing the bias and increasing the e¢ ciency of the
estimation of the average treatement e¤ect on the treated.
The paper is organized as follows. Section 2 summarizes the literature

which has examined initiatives adopted by Tax Agencies, namely in the US
and in Denmark, to increase the perceived probability of being audited by
taxpayers. Section 3 describes Sds-based probability of audit and provides
de�nitions of three di¤erent statuses: reliability (coerenza), consistency (con-
gruità) and manipulation. Section 4 derives some theoretical insights by
modelling the letter campaign as a change in the probability of audit as per-
ceived by taxpayers. Sections 5, 6 and 7 are devoted to data description, to
the matching methodology adopted and to the discussion of empirical results,
respectively. Section 8 discusses main results and concludes.

2 The letter campaign and some related lit-
erature

The use of letters to increase perceived audit probabilities is not uncom-
mon among Tax Agencies. In particular, letters were used in some �eld
experiments conducted in recent years. Here we shall brie�y discuss those
documented in Blumenthal, Christian, and Slemrod (2001), which we de-
scribe as Minnesota 1, in Slemrod, Blumenthal, and Christian (2001) which
we describe as Minnesota 2 and in Kleven, Knudsen, Kreiner, Pedersen, and
Saez (2011) which we describe as the Danish Experiment. In the Minnesota
1 experiment a sample of 1700 taxpayers (treated sample) who �led a tax
return for year 1993 is randomly extracted from the population of Minnesota
taxpayers. The sample is randomly selected using as strati�cation criteria an
income criterion and an opportunity of evasion criterion: income is splitted
into high, medium and low, while opportunity of evasion is deemed to be low
when the income is subject to third-party reporting and high when there is
no such option. Taxpayers included in the treated sample received a letter
warning them that their tax returns for year 1994 would be �closely exam-
ined�. Their reporting behaviour is compared to that of a control sample
formed by approximately 23000 taxpayers extracted from the strati�ed pop-
ulation of Minnesota taxpayers who �led a tax return for year 1993. Main
results of this experiment are overall quite deceptive. A partially signi�cant
positive impact of the letter in terms of average reported incomes (and taxes)
for some of the subgroups, namely those with low and average incomes, is
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o¤set by a very low impact among taxpayers whose opportunity to evade is
low and even a signi�cant negative impact of the letter on average reported
incomes (and taxes) for the group of high-income taxpayers. Moreover, there
is a lack of signi�cance of almost all regression coe¢ cients in both samples.
These results have been interpreted by Blumenthal, Christian, and Slem-

rod (2001) as follows:
a) for all taxpayers the threat of an audit could have been non credible;
b) the negative impact on high-income taxpayers could be partly ex-

plained by the fact that the majority of them have an high opportunity to
evade (since no third-party reporting is available for this kind of taxpayers).
However, this explanation does not hold for high-income taxpayers who have
low opportunity to evade but, despite that, react negatively to the letter.
In the Minnesota 2 experiment two samples (treated samples) each of ap-

proximately 20000 taxpayers are randomly selected from the population of
Minnesota taxpayers who �led a tax return for year 1993 . The �rst sample
received a letter named as Support Valuable Services whose meaning was
that taxpayers should comply voluntarily in order to support the provision
of socially valuable activities. The second sample received a letter named
as Join the Compliant Majority, whose message was that if one wished to
belong to the majority community of citizens one should comply with the
tax laws. The reporting behaviour of these two samples is compared to that
of a control sample formed by approximately 20000 taxpayers randomly ex-
tracted from the population of Minnesota taxpayers who �led a tax return
for year 1993. The methodology is very similar to the one adopted in the
Minnesota 1 experiment. Again, results do not seem to support the idea that
letters are not e¤ective in perceived audit probabilities. Both treated sam-
ples report a higher increase in average reported income with respect to the
control group, but neither of them are signi�cant. In the regression, dum-
mies denoting groups are insigni�cant either when evaluated alone or when
interacted with other variables. Two somewhat alternative explanations are
o¤ered by Slemrod, Blumenthal, and Christian (2001):
a) either the impact of the letters on ethical and social values has been

negligible since some expressions used in the letter were ambiguous and could
have reinforced the sense of impunity by tax evaders
b)or these values have a modest impact on compliance so that Tax Agen-

cies should not rely upon them to increase taxpayers�loyalty.
Finally, the Danish experiment is accomplished in two steps. In the �rst

one, taxpayers are divided into 2 groups: a �rst who is audited on their
tax returns for tax year 2006 without being previously alerted and a second
group who is not audited. In the second part of the experiment, which
concerns tax returns for tax year 2007, dependent workers belonging to both
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groups as previously described are divided in 3 new groups; a �rst group
who receives a letter stating that they will surely be audited (100%-letter);
a second group who receives a letter stating that they will be audited with
a percentage of 50% (50% letter) and a third group who does not receive
any letter. The experiment is complex in its structure and in its objectives.
Here we limit the attention to results concerning the impact of the letters on
income reported in the second experiment. The main �nding of the paper is
that such an impact is positive and signi�cant, and, in particular, that it is
higher for those dependent workers who were not audited in the �rst part of
the experiment.

3 A description of Italian Sds

Since 1998, Italy has adopted Sds to audit businesses (�rms and professionals)
conducting an economic activity on a small scale, i.e. reporting an annual
output below 7,500,000 euros. Sds can be seen as a method to base the audit
probability function on the comparison between presumptive and reported
output.1 To describe it, we �rst focus on the derivation of presumptive output
for each business and then on the characterization of the audit probability
function.
As our empirical analysis uses data about �rms only, we brie�y describe

how Sds work for �rms (corporated and unincorporated companies and in-
dividual entrepreneurs). The TA collects information on structural variables
(e.g., size of o¢ ces and warehouses, number of employees, main characteris-
tics of customers and providers, etc.) and on accounting variables (mainly
referring to amount and cost of inputs and the value of output). A number of
statistical analyses are performed to identify and prune the outliers, to group
�rms in clusters within each business sector, and to select inputs that are
statistically more signi�cant in explaining the variance of reported output
within each cluster of �rms. Then, for each cluster within a business sec-
tor, the presumptive productivity of each input is calculated. Presumptive
output is �nally obtained for every �rm as the weighted sum of the reported
value of selected inputs, where weights are the presumptive productivity pa-
rameters. In turn, these parameters are calculated by the TA on the basis of
data reported in previous years (no more than 3) by a subset of �rms deemed
to be reliable (coerenti) in providing relevant information.
More formally, the TA, after dividing business sectors into C clusters

and allocating each �rm to a single cluster, selects within each cluster c =

1For a more detailed description and analysis of SdS, see Santoro and Fiorio (2011)
and Santoro (2008).
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f1; 2; :::; Cg the group of �rms that it believes to be reliable, Rc � Ic, in year
t, where Ic is the subgroup of the total population I belonging to cluster c,
where [Ic = I. Hence, it estimates the relation:

yr;t�3 = �
0
t�3 � xr;t�3 + �r;t�3 (1)

where r 2 Rc, xr;t�3 is the J � 1 vector of input, yr;t�3 is the value of output
reported by �rm r, and �r;t�3 is an idiosyncratic error of �rm r in period t�3,
respectively. �t�3 is the J � 1 vector of unknown productivity parameters,
which �once estimated by using standard regression techniques �is denotedb�t�3. Finally, the TA de�nes the J � 1 vector of productivity parameters
coe¢ cient at time t as bt := b�t�3.
Inputs are often evaluated at their hystorical value (e.g. the price at which

the input was bought) so that they are not in�uenced by current prices.
Hence, presumptive output for �rm i belonging to the population of active

�rms in tax year t is calculated as yit = b0txit. Notice that reported input
(xit) and output (yit) of �rm i can di¤er from their true values, which we
denote by exit and eyit, respectively.
We write perceived probability to be audited as

pit (yit;xit) (2)

where (yit;xit) is the signal reported by the �rm to the TA. We assume
that the signal is increasing in yit and decreasing in xit, i.e. that, ceteris
paribus, the probability to be audited decreases as reported output increases
and increases as reported input increases. Note that we index the probability
function thus allowing for subjective probabilities.
The relationship between yit;bt and xit de�nes the inconsistency status

of the �rm: a �rm is said to be not consistent (incongrua) when yit < b0txit
and consistent (congrua) when yit � b0txit; so that an inconsistency dummy
Dit for �rm i in period t is de�ned as follows

Dit =

�
1 if yit < b0txit
0 if yit � b0txit

(3)

The TA uses Sds as a method to select taxpayers to be audited. In
the event a taxpayer is audited, the audit concerns the di¤erence between
reported and true output, if any2.

2In this paper we interpret p and the inconsistency status di¤erently from Santoro and
Fiorio (2011) to account for some recent changes in the institutional and legal context.
Santoro and Fiorio (2011) assumed that p = 0 when D07 = 0 and that 1 > p > 0 when
D07 = 1;with p decreasing in the ratio y=b

0
x for values belonging to the interval (0; 1

0
):This

assumption was motivated by the use of Sds to determine jointly the audit probability and
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To complete the description, a fundamental piece of information concerns
the timing of the game. For reasons discussed in Santoro (2008), Sds has been
designed so that bt is fully known when xit is reported by �rm i. In practice,
�rms are asked to report input (and output) values using a software (known
as Ge.ri.co) which contains full information on the value of each element of bt.
By using this software, every �rm i, or more likely its tax consultant, can try
di¤erent values of (xi; yi) to minimize expected tax payments. In particular,
since usually bj > 0 (8j = 1; 2; :::; J) the more common manipulation is the
underreporting of xi with respect to its true value exi to decrease due tax
holding audit probability to a minimum.
The intent to detect and disincentive input underreporting is the primary

objective of the letter campaign which we focus on in this paper. Before
turning to its analysis, let us de�ne the vector of input manipulation input
by �rm i for tax period t as mit = (exjit � xjit). Thus, the manipulation
dummy variable Mit can be de�ned as

Mit =

�
1 if there exists at least one j 2 f1; 2; ::; Jg s.t. mjit > 0

0 otherwise

Finally, we de�ne a letter dummy variable Lit that takes value equal 1
if a letter is sent to �rm i for tax year t and takes value equal 0 otherwise.
These two variables are logically related, since the letter is sent to those �rms
which, according to the information available to the TA, are alleged to have
manipulated inputs in 2007. However, we will brie�y discuss the possibility
that the letter is sent by mistake, i.e. that Lit = 1 and Mit = 0:

4 The letter campain

At the beginning of 2009, i.e some months before issuing their tax reports
referring to tax year 2008, more than 100,000 businesses (�rms and profes-
sionals) received a letter from the TA informing them that:

the amount due by the �rm in case of an audit. In this perspective, the �rm which reports
a ratio y=b

0
x < 1 could be audited and asked to pay (only) the di¤erence between y

and b
0
x: Actually, in such a context, the term �audit�was itself unappropriate, since the

Tax Agency was not assumed to be searching for the true value of output, but, rather, to
implement its presumptive value. This presumptive value was thus given a legal strength
so that Sds turn to a method of �normal�or �minimum�taxation rather than a method
to calculate the audit probability function. Accordingly, no taxpayer reporting yi � b

0
xi

could be �audited�and this explains why Santoro and Fiorio (2011) assume that p = 0
when D07 = 0:In recent years, the legitimity of this use of Sds has been questioned by
tax lawyers and, in some cases, tax judges and courts�rulings have denied the taxpayer�s
obligation to pay the di¤erence (if any) between y and b

0
x:
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� a) some input reports (xji) they made for tax year 2007 were deemed
to be "anomalous";

b) if this anomaly or a similar one was to be repeated for tax year
2008, i would certainly be included in a list of taxpayers to be
audited.

Considering the structure of Sds described in Section 3, the aim of the
letter is quite clear: the business is informed that his practice of underre-
porting inputs to decrease the probability to be audited has been detected.
There are two main di¤erences between the letter campaign we study here
and examples reported in Section 2. First, the Italian campaign has a dif-
ferent objective with respect to those examined in the literature, since it is
not directly purported to elicit higher output reports. The business should
primary perceive an increase in the audit probability if it persists to manip-
ulate inputs. So, the �rst (expected) reaction is that it raises its report of
input, rather than output. However, this behaviour will automatically de-
crease its signal and thus the overall probability to be audited will increase
altogether. Thus, a business could �nally decide to increase both its output
and input reports. We may say that this is the real objective of the TA,
i.e. to push �rms to report higher output and to pay higher taxes via an
increased perceived probability to be audited.
However, and this is the second di¢ culty, while one can speculate that

input reporting does not depend on economy-wide considerations, this clearly
does not apply to output reports. More speci�cally, if one has to compare
output reports in tax year 2008 to output reports in tax year 2007 by �rms
which received the letter a counterfactual is needed. Ideally, one should
compare the change in output reported in tax year 2008, with respect to
2007, by a random sample of �rms which received the letter to a random
sample of �rms which did not receive the letter. Unfortunately, the Italian
campaign was not designed as a �eld experiment and randomization was not
adopted: letters were sent to all �rms which allegedly manipulated input
values. This clearly poses some methodological issues that we deal with in
Section 6.
In this Section we try to explain why and under which premises the letter

can be expected to elicit an higher output report.
Taking into account the e¤ect of the manimulation activity, we can rewrite

the subjective probability to be audited in tax year 2008 for a manipulating
�rm which received the letter as

p08 = p(y08; x08 jM07 = 1; L08 = 1) (4)
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with p08 increasing in m08. Note that we are assuming separability of the
audit probability function in 2008 in its two arguments, i.e. the signal and
the amount of input manipulation. The probability to be audited in tax year
2008 for a �rm which did not receive the letter can be written as

p08 = p(y08; x08 jM07 = 0; L08 = 0) (5)

If we set aside for a moment the possibility that the letter was received by
mistake, i.e. that it was sent to a �rm which in fact was not not manipulating
inputs (M07 = 0; L08 = 1);and if we assume that b07 = b08,3 then the impact
of the letter is to decrease the probability to be audited if the �rm does not
reduce input manipulation. Thus, a �rm can be induced to decrease input
manipulation, i.e. to reduce m08 with respect to m07: However, by doing
so, if output report is unchanged, the signal will be reduced and, therefore,
p08 > p07:Thus, the �rm may be induced to increase output report, i.e. to
report y08 > y07 as a reaction to the letter.
Clearly, a change in output report can be driven by many other factors,

such as a change in the market and demand conditions. To capture the
di¤erence between the impact of the letter and of all other exogenous possible
factors we compare the change in reported output by �rms which received
the letter to that by �rms which did not receive the letter. If the letter has
an impact on output reporting we expect to �nd a signi�cant and positive
di¤erence between these two changes. However, this result can be altered
by the presence of many letters sent by mistake, i.e. if there were many
instances where M07 = 0 and L08 = 1:In such a case there are at least two
possible reactions by the �rm. Considering that the audit is on the di¤erence
between reported and true output, a �rm, even if it has not manipulated
inputs, could choose to report x > ex just to decrease the probability of being
audited (provided that the impact on m is higher than the opposite impact
on s). Alternatively, a �rm which has not manipulated inputs could feel to be
in a safe position and to ignore the letter altogether. In this second case, an
absence of any signi�cant impact of the letter on output reports is a logical
consequence.

5 Data description

In this paper we use a data set produced by the Italian TA for this project
with the aim of estimating the e¤ectiveness of the letter campaign on declared

3Actually b
0

08 is estimated using data reported by �rms which were reliable in 2005,
which are usually di¤erent from �rms which were reliable in 2004. However we ignore this
di¤erence here since we do not have data on such a change.
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pro�t and revenues. The data set provided contains a sample of 49,138
treated �rms and a sample of 89,240 controls.
The sample of treated �rms is randomly extracted from an initial sample

of over 112,000 corporated, incorporated �rms and professionals who were
suspected to have manipulated inputs in year 2007, according to some indi-
cators developed by the TA and not fully available to taxpayers nor to us.
For this sample we have information on:

a) a set of characteristics regarding location area (in �ve major areas, North-
West, North-East, Center, South, Islands), the business sector, the
legal form (whether self-employed professional, �rm using simpli�ed or
standard accounting methods);

b) data on costs of inputs, services, costs for purchased services, intermediate
goods, inventories, labour services, the number of dependent workers
distinguished into full time permanent, full time temporary workers,
family and non-family collaborators, as well as declared pro�t and rev-
enues;

c) the level of reported and presumptive output and the type of anomaly
recorded into 19 categories, provided by the TA and pointed out in the
letter campaign to addressed taxpayers.

The sample of controls is randomly extracted from an initial sample of
over 2,2 millions of �rms which were not suspected to have manipulated
inputs.
Our identi�cation strategy regarding the e¤ect of the letter on output

and pro�ts is based on matching treated �rms with untreated ones based on
a set of characteristics observed prior to treatment, as data do not come from
a �eld experiment and all �rms who �according to some TA indicators �
allegedly manipulated inputs in tax year 2007 received the letter requiring ac-
tion. For this aim the TA provided us with full information about all treated
and control �rms in our sample regarding tax year 2006, i.e. the tax year
before to treatment, when no campaign was implemented nor announced,
yet.
Finally, we were also given information as for tax year 2008, i.e. after

treatment, which we use extensively to assess the causal e¤ect of the treat-
ment.
Table 1 reports some descriptive statistics for the treated and control

sample separately, in 2006, the year just before treatment. Treated units are
more likely to be located in the South and the Islands, are more likely to
use standard accounting methods. Treated �rms are also more likely to be

9



operating in the construction and in the trade sectors. As for inventories, it
clearly emerges that treated �rms have much higher average levels of both
beginning and ending inventories, with higher revenues but lower pro�ts,
while di¤erences in the size of the �rms�workforce seem negligible.

6 The matching method: coarsened exact match-
ing

As described above, the letter campain was not properly designed as a �eld
experiment as it main aims was to induce people to reduce input manipula-
tion and eventually to increase tax revenues, rather than �nding the e¤ect
of a deterrence policy. Hence we have to revert to some matching method,
which could be described as a nonparametric method to control for the con-
founding in�uence of pretreatment control variables in observational data.
The main aim of matching is to prune observations from the data so that the
remaining data have better balance between the treated and control groups.
In other words, a better balance can be described as the fact that the empir-
ical distributions of the covariates (X) in the treated and control groups are
more similar. In case of exactly balanced data, controlling further for X is
not necessary as it is not correlated to the treatment variable, and a a sim-
ple di¤erence in means on the matched data can provide an estimate of the
causal e¤ect. Di¤erently, approximately balanced data require controlling
for X with a model.
As extensively discussed in Iacus, King, and Porro (2011a), central dilemma

means that model dependence and statistical bias are usuallymuch bigger
problems than large variances and most matching methods seem designed
for the opposite problem. In fact, they guarantee the matched sample size ex
ante (thus �xing most aspects of the variance) and produce some level of re-
duction in imbalance between the treated and control groups (hence reducing
bias and model dependence) only as a consequence and only sometimes. As
they put it � [...] the less important criterion is guaranteed by the procedure,
and any success at achieving the most important criterion is uncertain and
must be checked ex post. Because the methods are not designed to achieve
the goal set out for them, numerous applications of matching methods fail
the check and so need to be repeatedly tweaked and rerun.�(p. 2).
To avoid these and other problems with most existing matching meth-

ods Iacus, King, and Porro (2011b) , introduce a new generalized class of
matching methods known as �Monotonic Imbalance Bounding�of which we
use the �Coarsened Exact Matching�(CEM). CEM works in sample and re-
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quires no assumptions about the data generation process (beyond the usual
ignorability assumptions). More importantly, CEM inverts guarantees that
the imbalance between the matched treated and control groups will not be
larger than the ex ante user choice. CEM is matching method that allows
researchers to choose the maximum imbalance between the treated and con-
trol groups ex ante, rather than assed through the usual process of ex post
checking and repeatedly reestimating. CEM bounds through ex ante user
choice both the degree of model dependence and the average treatment ef-
fect estimation error, eliminating the need for a separate procedure to restrict
data to common empirical support. It also meets the congruence principle,
is robust to measurement error and is fast computationally even with very
large data sets.
CEM as all matching methods can be described as a way to preprocess a

data set so that estimation of the sample average treatment on the treated
(ATT), based on the matched data set, will be less a function of apparently
small and indefensible modeling decisions, than when based on the original
full data set. Matching involves pruning observations that have no close
matches on pre-treatment covariates in both the treated and control groups,
resulting in less model-dependence, bias, and ine¢ ciency (King and Zeng
2006, Ho, Imai, King, and Stuart 2007, Iacus, King, and Porro 2011b).
In this paper we apply CEM requiring the assumption of ignorability

(a.k.a. �no omitted variable bias�or �no confounding�). Our speci�c statis-
tical goal is to estimate the causal e¤ect of the letter campain on average, or
the sample ATT. Let Yi be the dependent variable for unit i, which in our
case is the log di¤erence or the log ratio of output or of pro�ts between year
2008 and year 2007. Let Ti be a dichotmous treatment variable taking value
1 for treated and 0 for control units, and Xi be a vector of pre-treatment
control variables, which includes the variables described in Section 5. The
average treatment e¤ect for treated units is then the di¤erence between two
potential outcomes: TEi = Yi(Ti = 1) � Yi(Ti = 0), where Yi(Ti = 1) = Yi
is always obseved and Yi(Ti = 0), the value that Yi would have taken on if
it were the case that Ti = 0, is always unobserved. Then Yi(Ti = 0) we esti-
mate with Yj from matched controls (i.e., among units for which Xi � Xj)
directly, bYi(Ti = 0) = Yj(Tj = 0), avodingin using a discretional model,bYi(Ti = 0) = bg(Xj). Then the ATT will then computed as a simple average:

ATT =
1

nT

X
i2fTi=1g

TEi (6)

Interestingly, Iacus, King, and Porro (2011b) also introduced a simple and
comprehensive multivariate imbalance measure of the actual degree of imbal-
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ance achieved in the matched sample, which may be lower than the chosen
maximum. The measure is based on the L1 di¤erence between the multidi-
mensional histogram of all pretreatment covariates in the treated group and
that in the control group, which is used to evaluate improvements in match-
ing imbalance with di¤erent matching methods. This measure is computed
by cross-tabulating the discretized variables as X1�����Xk for the treated
and control groups separately, and recording the k-dimensional relative fre-
quencies for the treated f`1:::`k and control g`1:::`k units. Hence, the measure
of imbalance is computed as the absolute di¤erence over all the cell values:

L1(f; g) =
1

2

X
`1:::`k

jf`1:::`k � g`1:::`k j (7)

and where the summation is over all cells of the multivariate histogram, but
is feasible to compute because it contains at most n nonzero terms. The L1

measure1 varies in [0; 1]. Perfect (up to discretization) global balance results
in L1 = 0, and L1 = 1 indicates complete separation of the multimensional
histograms. Any value in the interval (0; 1) indicates the amount of di¤erence
between k-dimensional frequencies of the two groups.

7 Empirical results

Table 2 shows the (7) measure of imbalance for four di¤erent coarsening pro-
duced on our data set. In particular, column (1) presents the automated
coarsening which provides a measure of imbalance which we use as reference
to assess the e¤ectiveness of following coarsening. It shows a level of imbal-
ance of 0:91,which is relatively close to the maximum of 1. This also allows
us to have a relatively small level of pruning, with few unmatched treated
observations. Column (2) presents the thinnest coarsening, hence providing
the highest level of pruning, with about two thirds of the treated sample
resulting unmatched. Columns (3) and (4) present intermediate levels of
coarsening. Notice that by deciding the level of coarsening we are able to
largely reduce the overall measure of imbalance.
Hence, by using these di¤erent CEM procedure we estimate the ATT of

the letter campain, where the dependent variable is de�ned as the log of the
ratio of output (or pro�t) in year 2008 over that of year 2007. Table 3 shows
that the letter had a statistically signi�ncant impact on output reported. The
log of the ratio between output reported in 2008 and output reported in 2007
is signi�cantly higher for treated �rms with respect to controls. Results show
that, on average, the percentage variation in output reported by treated �rms
is higher from a minimum of 1,014 times to a maximum of 1,055 times than

13



the same percentage variation as reported by �rms which did not receive the
letter. Results are always and highly statistically signi�cant and are basically
unaltered when pro�t rather than output reports are considered.
Overall, these results seem to suggest that �rms have reacted to the let-

ter not simply by reducing manipulation, i.e. increasing reported inputs,
but also, and more importantly, by increasing reported output and pro�ts.
Since the latter are taxable income, this means that the letter campaign has
probably produced a net increase in taxes paid.
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Coarsened exact matching
(1) (2) (3) (4)

Imbalance 0.910 0.475 0.602 0.623
Observations 138,378 59,176 69,425 66,169
Source: Our calculations on TA data.

Table 2: Multivariate imbalance measure after di¤erent coarsened exact
matching procedures.

8 Discussion and concluding remarks
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OUTPUT

(1) (2) (3) (4)

Treated 0.014* 0.056*** 0.050*** 0.054***
[0.007] [0.011] [0.010] [0.011]

Constant -0.040*** -0.059*** -0.057*** -0.055***
[0.004] [0.007] [0.006] [0.007]

Observations 138,378 59,176 69,425 66,169

PROFITS

Treated 0.036*** 0.057*** 0.050*** 0.054***
[0.009] [0.013] [0.012] [0.013]

Constant -0.058*** -0.083*** -0.077*** -0.074***
[0.005] [0.008] [0.008] [0.008]

Observations 138,378 59,176 69,425 66,169

Notes: Standard errors in brackets. *** p<0.01, ** p<0.05, * p<0.1
Source: Our calculations on TA data.

Table 3: Causal e¤ect estimation of the letter campain on the log of the ratio
of revenues and pro�ts, between 2008 and 2007.
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